Abstract Recent findings indicate that synchronous neural activity at rest influences human performance in subsequent tasks. Synchronization can occur in form of phase coupling or amplitude correlation. It is unknown whether these coupling types have differing behavioral significance at rest. To address this, we performed restingstate electroencephalography (EEG) and source connectivity analysis in several populations of healthy subjects and patients with brain lesions. We systematically compared different types and frequencies of neural synchronization and investigated their association with behavioral performance in verbal and spatial attention tasks. Behavioral performance could be consistently predicted by two distinct resting-state coupling patterns: (1) amplitude envelope correlation of beta activity between homologous areas of both hemispheres, (2) lagged phase synchronization in EEG alpha activity between a brain area and the entire cortex. A disruption of these coupling patterns was also associated with neurological deficits in patients with stroke lesions. This suggests the existence of two distinct network systems responsible for resting-state integration. Lagged phase synchronization in the alpha band is associated with global interaction across networks while amplitude envelope correlation seems to be behaviorally relevant for interactions within networks and between hemispheres. These two coupling types may therefore provide complementary insights on brain physiology and pathology.
Introduction
Human brain function results from a dynamic equilibrium between segregation into specialized modules and information integration across brain areas (Bullmore and Sporns 2009; Stam and van Straaten 2012) . Studies in animals and humans have shown that integration is associated with synchronization of neural activity between spatially separate brain regions (Fries 2005) . More recently, synchronization has also been demonstrated at rest. Spontaneous fluctuations of brain activity are highly organized into coherent networks (Greicius et al. 2003 ) across a large range of frequencies (Brookes et al. 2011b; de Pasquale et al. 2010; He et al. 2008) . Intriguingly, resting-state synchronization seems to be a crucial determinant of behavior. Neural synchronization at rest measured with EEG and functional magnetic resonance imaging (fMRI) correlates with behavioral performance in a variety of cognitive and motor functions in healthy humans (Fox et al. 2007; Hipp et al. 2011; Koyama et al. 2011; Schlee et al. 2012; Wang et al. 2010 Wang et al. , 2013 as well as patients with brain disease (Carter et al. 2010; Dubovik et al. 2012 Dubovik et al. , 2013 He et al. 2007 ). For instance, the more the primary motor cortices of stroke patients have correlated fMRI resting-state fluctuations, the better the patients are able to move their arms (Carter et al. 2010) . This suggests that resting-state coupling is relevant for correct performance during tasks. However, the mechanisms by which restingstate coupling affects behavior are largely unknown.
Recordings of human brain activity as well as models of complex networks have shown that synchronization can occur in different forms. In particular, it can consist in an alignment of amplitudes, phases, or amplitude envelopes (Fig. 1) .
It is currently not known whether these different types of coupling have different roles in the human brain. Previous comparisons between hemodynamic and neural restingstate networks revealed that the amplitude envelope correlation (AEC) structure of neural alpha and beta oscillations corresponds better to the topography of fMRI restingstate networks than neural phase synchronization (Brookes et al. 2011a; de Pasquale et al. 2012) . Hence, neural AEC is considered to be the primary coupling pattern underlying resting-state networks. However, this does not necessarily mean that phase synchronization is irrelevant for restingstate integration. Rather, it may have different origins and assume different functions (Engel et al. 2013; Marzetti et al. 2013 ). In particular, lagged phase synchronization of alpha oscillations between a given brain area and the rest of the brain was consistently found to be linearly associated with behavioral performance in tasks depending on this brain area (Dubovik et al. 2012; Rizk et al. 2013) . For instance, the more alpha oscillations in Broca's area were phase synchronized with the rest of the brain, the better subjects were able to produce words. This suggests that not only AEC, but also phase synchronization is implicated in resting-state integration. However, it is not known whether they have different roles or are manifestations of a single integration process.
Phase coupling at typical neural oscillation frequencies cannot be easily studied with fMRI because of its effective low-pass filtering due to the hemodynamic response. Hence, we cannot use comparisons with fMRI for crossvalidation of neural phase coupling as it has been done for neural AEC. In order to investigate the functional role of the different coupling types in a more general way, we therefore take here a different approach. Rather than fMRI resting-state networks, we use human behavior as reference for comparing neural synchronization types. This is achieved by quantifying the association between interindividual differences in synchronization magnitude and corresponding variation in behavioral performance across subjects. The validity of this approach has been amply demonstrated in studies showing correlations between behavior and synchronization magnitude (Carter et al. 2010; Dubovik et al. 2012 Dubovik et al. , 2013 Fox et al. 2007; He et al. 2007; Hipp et al. 2011 ), but no study has so far compared the different synchronization types with regards to their behavioral impact.
We hypothesized that AEC and phase synchronization correspond to different communication modes responsible for different aspects of resting-state integration (Engel et al. 2013) . In particular, they might use different carrier frequencies and they might be concerned with specific spatial interaction patterns, with some types of synchronization integrating selectively within networks and others acting more globally across networks (de Pasquale et al. 2012; Marzetti et al. 2013 ). In view of previous studies, we specifically expected a behavioral impact of AEC and a Weak coupling can be associated with synchronization of oscillation phases while the amplitudes of the oscillators remain uncorrelated (Osipov et al. 2003; Rosenblum et al. 1996) . Phase synchronization can involve a constant phase lag between signals, e.g., due to neural transmission. For instance, the human alpha rhythm shows such lagged phase synchronization (Dubovik et al. 2012; Guggisberg et al. 2008; Hillebrand et al. 2012; Marzetti et al. 2013) . b Increasing the coupling strength between the oscillators leads to complete synchronization with the appearance of amplitude correlation (AC) (Osipov et al. 2003; Rosenblum et al. 1996) . This can be observed in slow resting-state fluctuations (\0.1 Hz) of the hemodynamic fMRI signal (Greicius et al. 2003) , and in delta and infra-delta (\4 Hz) oscillations of local field potentials recorded with electrocorticography . c Network nodes can synchronize the appearance of bursts of rhythms as quantified by a correlation of their amplitude envelopes (Bruns et al. 2000; Gonzalez-Miranda 2002) . Such amplitude envelope correlation (AEC) can be observed in human resting-state alpha and beta-band activity in similar topography as fMRI AC (Brookes et al. 2011a, b; de Pasquale et al. 2010 de Pasquale et al. , 2012 Hipp et al. 2012) Brain Topogr (2015) 28:318-329 319 lagged phase synchronization in neural alpha and beta oscillations, since these coupling types and frequencies have been consistently observed in the resting human brain.
To test this, we systematically compared AEC and lagged phase synchronization at alpha and beta oscillation frequencies in human EEG recordings and investigated their association with behavioral performance in verbal and spatial attention tasks. This was first done in two populations of healthy subjects. Furthermore, we verified whether the coupling types observed in healthy subjects remain behaviorally relevant in patients with brain lesions due to stroke. This would be important with regard to clinical applications of network analyses and examinations of the network basis of neurological deficits.
Materials and Methods

Subjects, Patients, and Behavioral Assessments
The study comprised four datasets for analysis of networkbehavior associations.
Dataset 1
Ten young healthy subjects (mean age 26 years, range 22-32, 5 women), underwent a resting-state EEG and a visual exploration task which was used to quantify their behavioral tendency to explore the left half of photographs as a measure of left spatial attention. This allowed us to study the association between EEG network coupling and spatial attention in healthy subjects. Twenty-five symmetrical naturalistic color photographs were displayed on a computer screen. Subjects were instructed to freely explore the images when they appeared on the screen. Left-right flipped versions of the pictures were randomly presented across subjects to further maximize the symmetry. Gaze direction was recorded with an eye tracking device (HighSpeed, SMI GmbH, Teltow, Germany). Fixations were extracted from the eye tracking data by removing eye blinks and saccades. Cumulative fixation duration in the left visual hemifield was used as behavioral measure of left spatial attention, with higher values indicating a greater tendency to attend to features in the left visual field (Rizk et al. 2013) .
Dataset 2
In 14 elderly healthy subjects (mean age 76 years, range 70-86, 11 women), we obtained resting-state EEG recordings and measured their verbal fluency as an index of verbal performance. This allowed us to study the association between EEG network coupling and verbal performance in elderly healthy subjects. The phonemic verbal fluency described the number of produced words to a given initial letter ('P' or 'M') within 2 min (Wechsler 1997) .
Dataset 3
Twelve stroke patients (mean age 60 years, mean NIHSS 10, 5 women, 8 with right-sided lesion) were assessed with a standardized test battery of hemispatial neglect, which allowed us to study the impact of network coupling on spatial attention performance in stroke patients. The test battery for neglect comprised 2 different line bisection tests and a bell cancellation test (Gauthier et al. 1989; Rousseaux et al. 2001; Schenkenberg et al. 1980) . Performance in each of the three tests was normalized to published norms with z-scores and averaged to a single ''combined spatial attention score'' for each patient. Higher values indicated better left spatial attention and less left hemispatial neglect.
Dataset 4
Eleven stroke patients (mean age 58 years, mean NIHSS 12, 4 women, 5 with left-hemispheric lesion) participated in a standardized test to quantify their verbal working memory performance. This allowed us to study the impact of network coupling on verbal performance in stroke patients. Patients performed a digit span task in which they were asked to repeat a list of numbers in the original and inverse order (Wechsler 1997) . Higher values indicated better verbal working memory performance. We emphasize that we do not intend to compare the different datasets among each other. Rather, we try to find robust and common associations between network coupling and behavior across a large age range, different behavioral assessments, healthy subjects, and patients with brain lesions.
Recordings
EEG was recorded with a 128-channel Biosemi ActiveTwo EEG-system (Biosemi B.V., Amsterdam, Netherlands) at a sampling rate of 512 Hz in an awake, resting condition during which subjects kept their eyes closed. Artifacts and data segments with signs of drowsiness were excluded by visual inspection of the data.
EEG was obtained in separate sessions than the behavioral assessments (on different days for datasets 2-4, on the same day immediately before the behavioral assessment for dataset 1).
Structural MRI
For localization of functional data and creation of EEG head models, the MRI protocol contained a high-resolution T1-weighted, 3-D spoiled gradient-recalled echo in a steady state sequence covering the whole skull (192 coronal slices, 1.1 mm thickness, TR = 2,500 ms, TE = 3 ms, flip angle = 8°). T2-weighted three-dimensional fast spinecho and diffusion weighed imaging sequences were used to delineate ischemic lesions in stroke patients.
EEG Analyses
Source functional connectivity (FC) was calculated in Matlab (The MathWorks Inc., Natick, USA) with NUTMEG (http://nutmeg.berkeley.edu) and its functional connectivity mapping (FCM) toolbox .
Source Localization
For localization of network interactions, we require a reconstruction of neural oscillations in the brain. To this end, we computed the lead-potential with 10 mm grid spacing (*1,000 solution points) using a boundary element head model (BEM). The BEM model was created with the Helsinki BEM library (http://peili.hut.fi/BEM/) (Stenroos et al. 2007 ) and the NUTEEG plugin of NUTMEG, based on the individual T1 MRI. No MRI was available for dataset 2 and a spherical model with anatomical constraints (SMAC) (Spinelli et al. 2000) based on the Montreal Neurological Institute (MNI) template brain was generated for these subjects.
The EEG was segmented into 300 non-overlapping, artifact-free epochs of 1 s duration and bandpass-filtered to alpha (8-12 Hz) and beta (13-20 Hz) frequency bands. The filtered data were then projected to grey matter voxels with an adaptive spatial filter (scalar minimum variance beamformer) (Sekihara et al. 2004) . Adaptive filter weights were computed based on the sensor covariance of the bandpass filtered data from all epochs.
Functional Connectivity (FC) Metrics
Neural coupling was quantified as AEC (Brookes et al. 2011a; Bruns et al. 2000) and lagged phase synchronization in each of the two frequency bands. Lagged phase synchronization was quantified with the imaginary component of coherence (IC) (Nolte et al. 2004) . Coherence is a computationally efficient and well-studied measure of coupling which is primarily sensitive to phase synchronization (Aydore et al. 2013; Mezeiova and Palus 2012) . The IC selectively contains lagged coupling (Nolte et al. 2004 ).
FC measures were computed from each voxel to all other voxels resulting in a full all-to-all voxel connectivity matrix.
For calculation of AEC, amplitude envelopes of source time series were obtained from a Hilbert transform and averaged across each 1 s epoch. This resulted in 300 new values indicating the down-sampled amplitude envelope time course at each voxel. They were mean corrected and variance normalized. The correlation matrix of these normalized values Z was then calculated as (Brookes et al. 2011a, b) :
where T denotes the matrix or vector transpose and diag(M) indicates the vertical vector formed by the diagonal entries of the matrix M. The ratio between the matrices of numerator and denominator is meant to be element-wise. IC was computed by tapering each 1 s epoch with a Hanning window and performing a discrete Fourier transform with 1024 frequency bins f. We could then compute IC from the Fourier transformed source time series G as (Nolte et al. 2004) :
where * denotes the complex conjugate and Im the imaginary component. IC at each band was obtained by summing the cross-and auto-spectra across the corresponding frequency bins.
Correction for Spatial Leakage
EEG inverse solutions have limited spatial resolution. This leads to massive overestimation and distortion of the magnitude of network synchrony, in particular of AEC. IC avoids this problem by ignoring zero-lag interactions and hence removing artificial similarities due to spatial leakage ). On the other hand, IC tends to penalize short-distance interactions involving smaller time lags as compared to long-range interactions. In order to control for these confounders in a consistent way across all measures, we performed a Monte Carlo simulation (Brookes et al. 2011a) . At each iteration of this simulation, white noise of equal length and channel numbers as the real artifact-free EEG sensor data was generated, colored by bandpass filtering to the same frequency band as in real data, and projected to grey matter with the same adaptive spatial filter computed from real data. We then computed the different metrics of FC between all voxel pairs from filtered and projected noise. This gave us, for each measure of FC and each voxel pair, a distribution of spurious interactions produced by noise. This distribution was then compared to the values obtained by real data by computing z-scores: the average of the noise distribution was subtracted from the value obtained with real data, and the result divided by the standard deviation of the simulations. Hence, measures of FC were expressed as z-scores. A total of 30 iterations were used, as the average and standard deviations were found to remain stable with subsequent iterations. This simulation approach corrects for spurious connectivity due to spatial leakage, but it may not be a perfect protection from other kinds of spurious interactions. For instance, it will not correct for interfering third sources or physiological noise sources. Furthermore, deviations of Gaussian distributions at only one voxel of an examined pair could mimic increased connectivity. However, previous studies have shown that beamformers reliably remove common noise sources and that noise simulations with better match to the real data yield essentially similar results (Brookes et al. 2011a) . Previous MEG studies have also used empty room recordings to obtain more realistic representations of sensor and environmental noise in Monte Carlo simulations (Brookes et al. 2011a; Ghuman et al. 2011) . This is hardly feasible with EEG, but we minimized sensor and environmental noise by using active electrodes and by recording in a Faraday cage.
Spatial Normalization
Z-score maps were spatially normalized to the canonical MNI brain space with the software SPM8 (http://www.fil. ion.ucl.ac.uk/spm/software/spm8/). Ischemic lesions were masked to avoid distortion (Brett et al. 2001 ).
Network Definitions
Language and spatial attention networks were reconstructed using a seed region of interest (ROI) approach. Seed ROIs were defined from the anatomical automatic labeling (AAL) template (Tzourio-Mazoyer et al. 2002) and consisted of the triangular part of the left inferior frontal gyrus (IFGtri L) for the language network and the right inferior parietal lobule (IPL R) for the spatial attention network. These regions have been identified as core nodes for spatial attention and language function in our previous studies (Dubovik et al. 2012 (Dubovik et al. , 2013 Rizk et al. 2013 ) and enclose seed coordinates used in fMRI studies of language (Kelly et al. 2010; Tomasi and Volkow 2012) and dorsal attention networks (Fox et al. 2005; He et al. 2007 ).
Impact on Behavior
We examined the impact of different types of resting-state synchronization on task performance with a Pearson correlation analysis and a support vector classification.
Between-subject variation in synchronization magnitude can be due to variations in signal-to-noise ratios of the recordings. To avoid this potential confound in our analyses of the association between variations in synchronization magnitude and behavioral performance, we normalized synchronization maps. This was achieved by subtracting, for each subject, the mean synchronization value across all voxels of the subject and by dividing by the standard deviation.
The Pearson correlation analysis assessed whether the between-subject variation in resting-state coupling is linearly associated with variation in performance of healthy subjects and patients in tasks depending on the corresponding network. The magnitude of coupling in the spatial attention network was correlated with spatial attention performance, coupling in the language network with performance in language tasks.
The support vector classification investigated whether the different types of resting-state synchronization can predict performance in verbal and spatial attention tasks. Subjects and patients of each dataset were dichotomized into good versus bad performers using a median split of their behavioral scores. FC values were then entered, separately for each synchronization type and each EEG frequency band, in a support vector classifier as implemented in the Matlab SVM toolbox (http://www.isis.ecs.soton.ac. uk/resources/svminfo/) (Gunn 1997) . The accuracy in classifying a subject as good or bad performer was determined with a leave-one-out cross-validation procedure and calculated as (number of true good ? number of true bad)/ total number of subjects. The kernel function used for support vector classification was chosen among a spline or linear kernel with an inner cross-validation loop. Classification accuracies were checked for significance with permutation testing. At each of 2,000 permutation loops, the order of FC values was shuffled across subjects, and classification accuracy was calculated from the shuffled dataset in the same way as for the true dataset. The significance of the original classification accuracies was then calculated from their position in the distribution of permutated accuracies.
These correlation and classification analyses were performed for 3 different interaction patterns:
1. Whole brain synchronization between the seed ROI and all other brain voxels, no matter whether they belong to the network or not, i.e., the mean FC value between the right IPL and all other voxels or between the left IFGtri and all other voxels. 2. Interhemispheric coupling between the seed ROI and its homologous contralateral area, i.e., between the right and left IPL or between the left and right IFGtri. 3. Intrahemispheric coupling between the seed ROI and another node in the same hemisphere belonging to the same network, i.e., between the right IPL and the right frontal eye field (FEF) or between the left IFGtri (Broca's area) and Wernicke's area.
In order to check whether Pearson correlations with behavior are significantly different between AEC and IC, we performed additional permutation tests. At each of 2,000 permutation loops, we shuffled the order of the behavioral score across subjects/patients and calculated the Pearson correlation with behavior for each of the two FC measures to be compared. The correlation coefficient difference between the two true measures of FC was then compared to the distribution of correlation coefficient differences obtained with permutation.
Statistics Across Datasets
According to our hypothesis, we expected to find robust network-behavior associations in all four datasets, but with 
and subjected them to a repeated-measures analysis of variance (ANOVA) with the factors coupling type (AEC or IC), frequency (alpha or beta), and spatial interaction pattern (whole brain, homologous interhemispheric, or intrahemispheric). In addition we calculated the overall significance P of network-behavior association as binomial probability of the original statistics as:
where p = 0.05 is the probability significance threshold for each dataset, N is the total number of datasets, and k the number of significant datasets at cutoff p. These binomial statistics were more conservative than t-tests for one sample. A Bonferroni correction was applied for testing multiple associations (2 coupling types 9 2 frequencies 9 3 spatial interaction pattern = 12).
Results
We first calculated AEC and IC in networks which were expected to be primarily involved in spatial attention and verbal behavior, respectively: the fronto-parietal spatial attention network and the fronto-temporo-parietal language network. Figure 2 shows the average network configurations in the combined group of healthy subjects and stroke patients. We then analyzed between-subject variations in network coupling and their association with behavioral performance. Behavioral performance was quantified with standardized tests of spatial and verbal attention, which were obtained in different sessions than the resting-state recordings. Figure 3 shows the results of a Pearson correlation analysis between neural coupling and behavioral performance.
An ANOVA across all datasets showed no main effect of coupling type, frequency, or interaction pattern on behavioral task performance (p [ 0.11). However, in accordance with our hypothesis, we observed significant interactions between coupling type and frequency (F 1,36 = 18.8, p = 0.0001) as well as between coupling type and spatial interaction pattern (F 2,36 = 18.9, p \ 0.0001). This suggests that the association of AEC and IC with task performance depended on the neural oscillation frequency and the spatial interaction pattern.
Indeed, analyses of network-behavior correlations at each frequency band and interaction pattern showed that IC was associated with behavior only at alpha frequencies in whole-brain and intrahemispheric interactions (p \ 0.006, Bonferroni corrected), whereas AEC was associated with behavior only at beta frequencies in interhemispheric interaction patterns (p \ 0.001, Bonferroni corrected).
Whole-brain interactions were quantified as the mean synchronization magnitude between the seed regions (Broca's area or the right inferior parietal lobule) and all other cortical voxels. In this case, performance of healthy subjects and patients was linearly correlated with the magnitude of IC in the alpha band (Fig. 3, left) . The association with behavior was significantly larger for whole-brain alpha-band IC than for whole-brain alphaband AEC (p \ 0.0001). Conversely, in the case of interhemispheric interactions between the seed regions and homologous areas in the contralateral hemisphere, beta-band AEC, but not IC, correlated linearly with performance of healthy subjects and stroke patients (Fig. 3, middle) . Interhemispheric betaband AEC was significantly more correlated with behavior than beta-band IC (p = 0.0005).
Intrahemispheric interactions between seed regions and ipsihemispheric nodes belonging to the same resting-state network (Fig. 3, right) showed a similar pattern of correlation with behavior as whole-brain interactions. Intrahemispheric alpha-band IC were significantly more correlated with behavior than intrahemispheric alpha-band AEC (p = 0.015).
These network-behavior associations were functionally specific, both for amplitude and phase coupling (Fig. 4) . Connectivity of nodes belonging to spatial attention network was associated only with spatial attention performance, coupling of language nodes only with verbal attention performance.
IC is not a pure measure of phase coupling strength but additionally dependent on the phase delay and on oscillation amplitudes. In order to verify that our findings with IC represent true lagged phase synchronization we also used the phase lag index (PLI, see Supplementary Methods) as pure measure of lagged phase synchronization (Stam et al. 2007 ). Figure 5a shows that correlation with performance was greater for whole-brain and intrahemispheric interactions than for homologous interhemispheric interactions as it was the case for alpha-band IC.
IC and PLI both represent measures of lagged phase synchronization. We verified whether our findings also hold for standard lag-indifferent phase synchronization, as quantified with the canonical magnitude squared coherence (MSC, see Supplementary Methods), which was corrected for spatial leakage. Again, we obtained a similiar pattern of correlation with behavioral performance (Fig. 5b) .
Furthermore, we verified how network-behavior associations observed in EEG compare to network-behavior associations of fMRI resting-state networks. FC in fMRI was quantified as amplitude correlation of spontaneous hemodynamic fluctuations (see Supplementary Methods). Although resting-state fMRI recordings were only obtained from the patient populations, we observed similar correlations with behavior as for beta-band AEC in EEG (Fig. 5c) .
The association between resting-state coupling and behavior does not necessarily have to be linear, and our Pearson correlation analysis could have missed any nonlinear relationships. In order to assess if there was behavioral impact of resting-state coupling in a more general way, we therefore additionally performed a support vector classification of good vs. bad performers based on the different measures and frequencies of coupling. We observed essentially the same associations as obtained in the Pearson analysis. Performance could be significantly predicted by whole-brain and intrahemispheric IC in the alpha frequency band on the one hand, and by interhemispheric beta-band AEC on the other hand (Fig. 6) . The present study therefore provides a formal demonstration that resting-state information can indeed be used for predicting behavioral performance.
Discussion
This study reports a systematic comparison of coupling mechanisms in the resting human brain and their behavioral impact. We find two distinct coupling types in which between-subject variations in FC translated linearly into behavioral differences: interhemispheric alignment of EEG beta amplitudes, as well as whole-brain and intrahemispheric phase-locking/coherence in alpha rhythms. Hence, the brain uses different carrier frequencies and different coupling types for resting-state integration across different topographic patterns. Interhemispheric integration seems to influence behavior via alignment of amplitudes in beta frequencies. Whole-brain and intrahemispheric integration seems to be mediated primarily by lagged phase-locking in the alpha band. This suggests the existence of at least two different network systems, which seem to be implicated in offline, resting-state integration of neural activity. Such a repertoire of synchronization types might give the brain flexibility in including brain regions required for a given integration process.
Our study shows that beta-band AEC predicts behavior exclusively in interhemispheric interactions. A similar pattern has also found for amplitude correlations of fMRI hemodynamic fluctuations. Our observation of a linear correlation between fMRI amplitude coupling and behavioral performance, which is specific to interhemipheric interactions among homologous areas, is in agreement with previous reports in stroke patients (Carter et al. 2010; He et al. 2007 ). This similarity in behavioral impact also fits well with previously reported similarities in the spatial configuration between fMRI resting-state networks and beta-band AEC (Brookes et al. 2011a, b; de Pasquale et al. 2012; Hipp et al. 2012) . Taken together, this suggests that beta-band AEC and fMRI amplitude correlations arise in the same network system.
In agreement with our previous observations (Dubovik et al. 2012; 2013; Rizk et al. 2013) , we also find a linear relationship between lagged alpha-band phase-locking and behavioral performance, and these interactions are meaningful for connections to the entire cortex of each region, including areas of other networks. This suggests the existence of an additional network system which is based on phase synchronization rather than amplitude similarities. It uses alpha oscillations rather than slow hemodynamic fluctuations or beta bursts, and it seems to be involved in global whole-brain rather than interhemispheric integration.
The direct comparison demonstrates that these types of resting-state coupling are associated with behavior in different spatial patterns of interactions. These spatial specificities are not merely due to methodological differences in assessing neurological function and network structure but rather represent intrinsic differences between integration systems. The direct head-to-head comparison excludes population effects or differences in clinical assessments. Finally, the two integration systems also differ with regards to their carrier frequencies, which further suggests that they represent intrinsic neural differences and not only dissimilarities in the measures of functional connectivity.
Coherent alpha oscillations therefore seem to be one of the main mechanisms of resting-state integration in the human brain, which is spatially more global than the better known fMRI resting-state networks. Our calculation of global coupling to the entire brain corresponds to the graph theoretical measure of node degree in weighted networks (Newman 2004) . Hence, it can be seen as an index of the overall importance of an area in the brain network (Stam and van Straaten 2012) . Our findings suggest that the graph theoretical measure of node degree is behaviorally relevant specifically in spontaneous alpha-band oscillations. This suggests interesting new directions for the role of alpha rhythms in the human EEG, which has intrigued researchers since the first human EEG recordings (Berger 1929 ). Alpha power is most prominent at rest and usually suppressed during tasks (Pfurtscheller 1992) . Our finding of an implication of the alpha band in resting-state integration is in line with the well-known prominence of alpha activity at rest. However, the robust positive association between alpha-band coherence and behavioral performance suggests an active role of alpha rhythms beyond inhibition during tasks. Alpha coherence seems to be implicated in the offline rehearsal, integration, or preparation of neural resources for upcoming tasks. Previous studies have reported increased alpha power, and in particular increased alpha band phase coupling, during tasks requiring working memory, attention, and learning (Cooper et al. 2003; Jensen et al. 2002; Kolev et al. 2001) , thus suggesting that alpha coupling could be implicated in the maintenance and consolidation of information. This might be true even at rest and hence contribute to improved performance during corresponding tasks.
Our finding that lagged alpha-band coherence is associated with behavior for whole-brain but not for interhemispheric communications may appear contradictory at first sight. However, there is accumulating evidence for a competition between the two hemispheres for coherent alphaband oscillations, which may explain this finding. In patients with brain lesions, perilesional areas show decreased alphaband coherence with the rest of the brain which goes in parallel with a corresponding increased alpha-band coherence between homologous contralesional areas and the rest of the brain (Dubovik et al. 2012) . Furthermore, interventions leading to a change in alpha-band coherence between a given area and the rest of the brain lead to a corresponding opposite change in homologous contralateral areas (Rizk et al. 2013 ). This suggests the existence of mutual interhemispheric inhibition of alpha-band coherence, which may explain our observation that other network systems are preferred for interhemispheric integration. Our study populations were highly variable with regards to age, disease, and behavioral assessments and therefore not directly comparable. Yet, the fact that we find the same patterns of network-behavior associations in all datasets underscores their remarkable robustness. In particular, we reproduce these findings not only in populations of young and elderly healthy subjects, but also in patients with ischemic stroke. The patients were included in our analyses to verify the relevance of different types of resting-state coupling not only for normal behavior, but also for neurological deficits. We find linear correlations in both cases, thus suggesting a continuum between normal behavioral variability and deficits, which are both associated with proportional decreases in resting-state coupling. It would be interesting to verify such a continuum in a combined population comprising both healthy subjects and patients, all assessed with common behavioral tests. However, this is difficult in practice because tests for patients are too easy for healthy participants and vice versa. In order to avoid plateau effects and to ensure good behavioral variability, we chose appropriate tests for each population.
It is however important to note that patients and healthy participants strongly differ in their network interactions. While this study does not intend to compare patients to controls, numerous previous reports have demonstrated disease-specific decreases in resting-state coupling, but also compensatory increases compared to healthy controls (Carter et al. 2010; Dubovik et al. 2012 Dubovik et al. , 2013 Guggisberg et al. 2008; He et al. 2007; Hinkley et al. 2011; Martino et al. 2011; Rehme et al. 2011; Westlake et al. 2012 ).
In conclusion, our study suggests that at least two different types of resting-state coupling are associated with behavioral performance. The two types differ in spatial patterns of interaction and oscillation frequency. They might therefore provide complementary information on brain physiology and pathology.
